In this study, to detect person-borne concealed threats in range profiles under the circumstance of unknown clutter, we propose a binary integration nonparametric detection method based on the generalized sign (GS) detector for range-spread targets in a distributed terahertz radar network (DTRN). In the detection, the length of range-spread targets and the number of dominant scatterers on range-spread targets are considered and adaptively estimated. Furthermore, the GS detection method is applied to maintain a constant false alarm rate (CFAR) under the circumstance of unknown clutter. The detection performance of the proposed method for single terahertz radar and DTRN are both examined with the data synthesized by real range-spread targets data and real clutter data. Experimental results show that the proposed method is effective, and for a given false alarm probability, the DTRN exhibits better detection performance than the single terahertz radar.
Introduction
Given its short detection range and penetrativity, terahertz radar is mainly applied in the fields of security checks and anti-terrorism with high-resolution screening imaging at a stand-off distance [1] [2] [3] . Meanwhile, terahertz radar can also detect concealed threats in range profiles (the real range profile of a metallic pistol model beneath clothing is obtained by 0.34 THz radar, as shown in Fig. 1 ). Compared with high-resolution screening imaging, the concealed threat detection in range profiles can observe a large area and requires a short time. However, as the viewing angle of a single radar is limited, a radar network is needed in a large-scale sence. As shown in Fig. 2 , a circular terahertz radar network is adopted to observe a 360 • view of the scene further. A certain number of sensors that observe the same scope in the sence constitute a Concealed threats are range-spread targets for highresolution radar. In order to solve the so-called collapsing loss which will lead to a performance loss for range-spread targets detection [4] , many detectors are presented. Assuming the a priori scatterer density of range-spread targets, a detector dependent of spatial density is investigated [5] . Given that the scattering characteristics of range-spread targets are significantly different, completing the aforementioned method is difficult. When the scattering geometry of range-spread targets is unknown, the adaptive detectors that are based on the improved one-step or two-step generalized likelihood ratio test are proposed under the circumstance of homogeneous or inhomogeneous clutter [6] [7] [8] [9] [10] [11] [12] . However, it is difficult to derive a definite distribution model to represent the practical clutter in concealed threat detection, which may consist of radar echoes of the human body, clothing, the ground, and thermal noise. Since those aforementioned detectors are incapable of maintaining the constant false alarm rate (CFAR) to detect concealed threats, nonparametric detectors for range-spread targets are needed. While the traditional nonparametric detectors and their improved counterparts are presented for point target or multiple targets [13, 14] . Research on nonparametric detection for range-spread targets under the circumstance of unknown clutter has rarely been reported. Therefore, a nonparametric detector that considers the knowledge about dominant scatterers on rangespread targets is investigated in this study.
The binary integration nonparametric detector based on the GS detector (BINGS) for range-spread targets in DTRN is presented to satisfy the aforementioned practical application requirements. Given that the length of range cell samples is larger than that of range-spread targets, the sliding window detection method is applied to the local detectors. First of all, the length of the sliding window which is the possible length of range-spread targets is estimated via the maximal signal to clutter ratio (SCR) rule [15] . What is more, the number of dominant scatterers within the sliding window is selected as the threshold for binary integration detection, which is estimated via Otsu's method [16] . Then, after the GS detection of each scatterer within the sliding window, binary integration detection is performed. Finally, the overall decision of DTRN is gained following the m-out-of-n fusion rule. The detection performance of single terahertz radar and DTRN is analyzed under the circumstance of unknown clutter by using the data synthesized by real range-spread targets data and real clutter data. Experimental results show that the proposed method is effective, and for a given false alarm probability, the DTRN exhibits better detection performance than the single terahertz radar.
This paper is organized as follows. In Section 2, the structure of the BINGS detector in DTRN is described. In Section 3, the mathematical processes related to detection are derived. In Section 4, the experiments are described and the results are analyzed. In Section 5, the comments and conclusions are presented.
Detector structure
The BINGS structure is shown in Fig. 3 . Terahertz radar transmits the linear frequency modulation signal with large bandwidth. After dechirping of radar echoes, range cell samples are obtained. Because the length of range cell samples is larger than that of range-spread targets, the sliding window detection method is used for range cell samples.
First of all, the length of the sliding window which is the possible length of range-spread targets is estimated via the maximal SCR rule. Then, utilizing N reference cells surround the sliding window, the test statistic of the GS detection T GS is constructed for each scatterer within the sliding window. At the same time, the first threshold T GSP for T GS corresponding to the false alarm probability P f GS is calculated by Eq. (11) . As a result, the sequence of "0" and "1" decisions are output by comparing T GS with T GSP for each scatterer. So far, the GS detection for each scatterer within the sliding window is completed. In addition, the second threshold Q OPT is adaptively estimated by Otsu's method after the sliding window is determined, where Q OPT is the number of dominant scatterers within the sliding window. Finally, the local binary decision of single detector is obtained by comparing the sum of the sequence of "0" and "1" with Q OPT . The block diagram of the DTRN data fusion is shown in Fig. 4 . DTRN is formed from n local BINGS detectors which are considered independent and a data fusion center. The local binary decisions are transmitted from the local detectors to the data fusion center. The overall decision is obtained following the m-out-of-n fusion rule.
Theory and methodology

Length of range-spread targets estimation
Regardless of whether the range-spread targets or the attitude angles of the same range-spread target are different, the length of range-spread targets varies significantly, which has an important effect on the detection performance. Here, the length of range-spread targets will be adaptively estimated via the maximal SCR rule [15] .
The sliding window detection method is used for the range-spread targets detection. The length of range cell samples denoted by
, where k and L are the starting range cell and the length of the sliding window, respectively. Assuming that the entire range-spread target is inside the sliding window and all the range cells outside of the sliding window are clutter, the average SCR can be defined as follows:
. (1) The starting range cell k and the length L of rangespread targets are unknown. While the possible minimal length L min and maximal length L max of range-spread targets are known.
The window slides over the range profiles. For each starting range cell k, the width of the sliding window w is adjusted between L min and L max . The length of the sliding window can be estimated by the maximal SCR rulē
whereL is the estimation value of the possible number of range cell samples that range-spread targets occupy.
Number of dominant scatterer estimation
The radar echo energy of range-spread targets is mainly distributed in dominant scatterers. Hence, the distribution of dominant scatterers on range-spread targets has an important effect on the detection performance. The number of dominant scatterers within the sliding window is used as the threshold for binary integration detection. Similar to Otsu's method initially utilized in picture processing [16] , the number of dominant scatterers within the sliding window is adaptively estimated. When the variance between various classifications is maximal, the range cells within the sliding window are divided into dominant scatterers and the others (small scatterers that can be regarded as clutter and/or clutter) according to amplitude. And in this situation, the probability of false segmentation is minimal.
The amplitude of L range cells inside the sliding window are normalized and sorted in descending order. The new sequence x (i) is obtained as follows:
where x (i) is divided into two classes, namely, C 1 (dominant scatterers) and C 2 (small scatterers that can be regard as clutter and/or clutter) by a threshold T tb . The average amplitude of C 1 and C 2 are given by
where L 1 and L 2 are the sample number of C 1 and C 2 , respectively. The average amplitude of x (i) is denoted by u, and the variance between C 1 and C 2 is denoted by
where ω 1 =L 1 /L and ω 2 =L 2 /L. Plugging Eqs. (4) and (5) into Eq. (6) yields
The optimal threshold T b that maximizes σ 2 b can be selected as follows:
T b is obtained by searching the one-dimensional parameter space. Then, the number of scatterers whose amplitute is greater than or equal to T b within the sliding window is estimated as the optimal threshold Q OPT . 
Test statistic of single detector
where
The corresponding detection strategy is
where T GSP is the threshold for the single scatterer GS detection that corresponds to the false alarm probability P f GS , which is derived as follows [17] :
where the scatterer is absent under hypothesis H 0 and the scatterer is present under hypothesis H 1 . The probability density distribution function of clutter is c(t) and that of clutter plus the signal is s − c(t). Assuming that the clutter samples are independent and identically distributed (i.i.d.), the probability density distribution of r j = r can be expressed as
where r = 0, 1, · · · , N. When the range cell under test is the pure clutter, Eq. (12) can be simplified as
The generating function of r j is
The generating function of T GS is given by
Then,
Equation (16) can be rewritten as
The second term in Eq. (17) is equivalent to the coefficient of t k .
Equation (17) can be interpreted by combination and mathematical statistics. Assuming that M sets are present and every set is {0, 1, · · · , N}, one integer is taken from each set and M integers are obtained. (N + 1) M is equivalent to the number of all the possible combinations. The second term is equivalent to the number of combinations in which the sum of these M integers is k. Therefore,
If the values of M and N are set, then the relationship between P f GS and T GSP can be determined. Table 1 shows the relationship between P f GS and T GSP under the condition of M = 4 and N = 12.
For a given false alarm probability P f GS , T GSP can be calculated. Then, the detection probability of the single scatterer GS detection can be given by The test statistic of the BINGS detetion is expressed as follows:
where sgn(·) denotes the sign function.
The false alarm probability P f BGS of the BINGS detection is derived as follows:
P f BGS is irrelevant to the distribution of clutter. Meanwhile, the threshold for the test statistic of the BINGS detection is independent of the distribution of clutter. Therefore, this detector is a nonparametric detector.
The detection probability P d BGS of the BINGS detection is derived as follows:
Distributed terahertz radar network
The parallel structure is adopted in DTRN, which is formed from n local detectors (the BINGS detector) and a data fusion center. The local binary decisions are transmitted from the local detectors to the data fusion center. The overall decision is obtained on the basis of the m-outof-n fusion rule [17] . Assuming that the local detectors have the same performance characteristic, the false alarm probability of each detector is P f BGS and the detection probability of each detector is P d BGS . When the m-out-ofn fusion rule is used, the overall false alarm probability of DTRN is given by
and the overall detection probability of DTRN is given by
If the value of m is 1, then the m-out-of-n fusion rule is the OR fusion rule. If the value of m is n, then the m-outof-n fusion rule is the AND fusion rule.
Experiments and results
The terahertz radar system based on a solid-state source is shown in Fig. 5 . The system operates at 0.34 THz with a bandwidth of 20 GHz which is adjustable [18] .
The range-spread target is a metallic pistol model whose length is 14 cm, as shown in Fig. 1 Rayleigh distribution, gamma distribution, G 0 distribution, K distribution, Weibull distribution, logarithmic normal distribution, and Nakagami distribution curves are fitted against real clutter data, as shown in Fig. 8 . The distribution of real clutter cannot be effectively represented by any of these distribution models. By comparison, the distribution of real clutter data fits the G 0 distribution model better.
The radar echoes are synthesized by real range-spread targets data and real clutter data. M range profiles are randomly selected from the same group of real range-spread targets data. The range profiles of the range-spread target are extracted from these M range profiles, and each of them is normalized. Meanwhile, M sequential range profiles of clutter are randomly selected from real clutter data and each of them is normalized. M range profiles of the range-spread target and M range profiles of clutter are synthesized into M radar echo pulses. The SCR of each synthesized radar echo pulse is calculated by the following formula:
where K 0 is the starting position in which the rangespread target is embedded in the clutter pulse, j = 1, 2, · · · , M denotes the jth pulse. The synthesized data in different single-pulse SCRs are obtained by adjusting the value of C 0 , where C 0 is the overall scaling factor for the amplitude of range-spread targets. C 0 does not influence the distribution of scatterers on range-spread targets. As shown in Fig. 6 , the lengths of the range-spread target in different radar views are estimated by the maximal SCR rule and the estimation values are 31, 16, and 33, respectively. The number of corresponding dominant scatterers is 7, 5, and 9 respectively. It means that scatterers whose normalized amplitude is more than 0.5 are distinguished as dominant scatterers. Otsu's method is proved to be a valid approach to estimate the number of dominant scatterers on range-spread targets. When the number of integration pulses and reference cells are different, the detection probability versus the single-pulse SCR for the BINGS detection and the binary integration parametric detector based on cell-averaging (CA)-CFAR (BIPCA-CFAR) detection for the false alarm probability P f BGS = 10 −8 are shown in Fig. 9 . M is the number of integration pulses. N is the number of reference cells. The pulse repetition frequency is 1000 Hz, and the pulse repetition interval is 1 ms. Considering the slow movement of people, the range between the radar and range-spread targets barely varies in a two-pulse or four-pulse repetition interval. Two or four pulses are considered for integration, which would not lead to range cell migration of range-spread targets. Therefore, setting M as 2 or 4 is reasonable. The BIPCA-CFAR detection is similar to the BINGS detection. The differences are that the CA-CFAR detection is used for each range cell within the sliding window and the distribution of real clutter data is assumed to be the G 0 distribution model in the BIPCA-CFAR detection.
The BIPCA-CFAR detection is incapable of maintaining CFAR when the assumed distribution model of clutter is inconsistent with the distribution of real clutter, as shown in Fig. 9a . The detection performance of the BINGS detector is better, as shown in Fig. 9b . Comparing the detection performance curves in the case of M = 4, N = 12 with the case of M = 2, N = 12 for the BINGS detector, more integration pulses result in the improvement in the detection performance. However, a high number of pulse integrations is not recommended, which will lead to range cell migration. Comparing the detection performance curves in the case of M = 2, N = 24 with the case of M = 2, N = 12 for the BINGS detection, a high number of reference cells leads to degradation of the detection performance. Thus, the number of integration pulses and reference cells should be carefully chosen on the basis of the practical application environment. As We assume that DTRN consists of 3 terahertz radars and that the DTRN observes the same range-spread target from different radar views. The BINGS detector is used as the local detector. The single-pulse SCR of these local detectors are equal. The other parameters are set as P F = 10 −15 , M = 4, and N = 12. Figure 10 represents the detection performance curves of single radar and DTRN for different fusion rules. The detection performance of DTRN for the AND fusion rule and single radar is poorer than that of DTRN for the 2-out-of-3 fusion rule and the OR fusion rule. The detection probability of DTRN for the AND fusion rule remains at approximately 0.93 when the single-pulse SCR is high. The result shows that the practical false alarm probability of DTRN for the AND fusion rule is higher than the theoretical false alarm probability (the false alarm probability is irrelevant to the single-pulse SCR). The theoretical false alarm probability must be set lower to control the practical false alarm probability.
Given the different detection ranges and radar views, the single-pulse SCR of the local detectors are consistently different. We assume that DTRN consists of 3 terahertz radars and that the DTRN observes the same range-spread target from different radar views. The BINGS detector is used as the local detector. The single-pulse SCR of the two detectors are equal, and the single-pulse SCR of the third detector is less than that of those two detectors by 5 dB. The other parameters are set as P F = 10 −15 , M = 4, and N = 12. Figure 11 shows the detection performance curves of DTRN for different fusion rules when the SCR of one local detector is different. The horizontal axis represents the single-pulse SCR of two detectors that have equivalent single-pulse SCR. By comparing the detection performance curves in Fig. 11 with those in Fig. 10 , the detection performance loss of DTRN for the AND fusion rule is determined to be more than 4.5 dB. In addition, the detection performance loss of DTRN for the 2-out-of-3 fusion rule is approximately 3 dB, and the detection performance loss of DTRN for the OR fusion rule is less than 1 dB. The overall decision for the AND fusion rule relies on all the local binary decisions. When the SCR of one of three detectors worsens, the detection performance of DTRN for the AND fusion rule significantly deteriorates. When the SCR of the local detectors are highly different, the OR fusion rule is the optimal fusion rule.
Conclusions
In this study, a binary integration nonparametric detection method based on the GS detector for range-spread targets in DTRN is proposed to detect person-borne concealed threats in range profiles. Experimental results show that the BINGS detector in DTRN is capable of not only observing range-spread targets from multiple views but also achieving effective detection for concealed threats under the circumstance of unknown clutter. If the single-pulse SCR of the local detectors are almost equal, then the m-out-of-n fusion rule is more appropriate for use. Meanwhile, when the single-pulse SCR of the local detectors are markedly different, using the OR fusion rule is recommended. The reasonable choice of the false alarm probability as well as the number of integration pulses and reference cells based on the practical application environment is a particular area of interest.
